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INTRODUCTION
Activated sludge processes (ASP) are widely used in wastewater treatment plants (WWTPs). Involving both anaerobic and aerobic digestion, they are able to remove organic matter, nitrogen and phosphorus depending on the design and specific application of WWTPs. These biodegrading processes are complex, highly nonlinear, dynamic systems, subject to large perturbations and uncertainties of composition of the incoming wastewater.
For an ASP achieving biological nitrogen removal, aeration operation is a very important factor to consider. An adequately large aeration is required to cover the oxygen demand of the microorganisms and to obtain a good aerobic environment for nitrification. On the other hand, over-aeration leads to too high dissolved oxygen (DO) levels in the internally recirculated water, which make de-nitrification less efficient. Moreover, aeration requires high energy costs, which are the major expenditure of an ASP plant. Hence, many researchers focus on aeration operation both for economical and process reasons. The most common way to control aeration in an ASP is to keep the DO concentration at some specified level. However, it is often difficult to choose an optimal DO setpoint, which both minimizes the aeration energy cost and satisfies effluent water quality restrictions. The usual way is to maintain a high DO level to guarantee the effluent quality, but this leads to high aeration energy consumption.
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The best solution is to provide oxygen according to the biological reaction process's demands. This can be achieved by aeration optimization based on a mechanical model of ASPs. Three main categories for aeration optimization are reported in the literature: (1) Steady state optimization, where the optimization problem is stated as a nonlinear programming problem based on steady-state models, see Espírito-Santo et al. (2005) , Espírito-Santo et al. (2006) . (2) Dynamic optimization of small size WWTPs usually with alternating ASPs, which have only one reactor tank and a settler, with the objective to determine optimal aeration and non-aeration sequences that minimize operation costs, see Chachuat et al. (2001) , Fikar et al. (2005) . (3) Optimization based on dynamic simulation using direct search approaches. For regular or large size WWTPs, dynamic optimization using model based NLP methods is challenged by the expensive computational cost. Instead, some direct search approaches, such as genetic algorithms and ant colony algorithm are used, see Egea et al. (2007) and Schlüter et al. (2009) . The objectives of most of these applications are minimizing the integral square error (ISE) of DO controllers by the optimization of controller parameters. Dynamic simulations are performed for each candidate solution.
To our knowledge, little has been published for dynamic optimization of large size WWTP using nonlinear programming methods. This challenge comes from two characteristics of WWTPs. The first factor is that the activated sludge process is a complicated biological process, with a heavy computational burden. The second reason is that WWTPs are continuous non-steady state processes, and large variations of influent, both in flow rate and composition, make the computation even more expensive. On the other hand, with the development of large-scale optimization techniques in recent years, dynamic optimization of WWTPs becomes possible. Many studies have shown that dynamic optimization of complex systems can be converted into large NLP problems using the simultaneous collocation method and then solved by a large-scale NLP solver, like IPOPT, see Huang et al. (2009) and Zavala et al. (2009) .
In this paper, we study dynamic optimization of a complicated benchmark WWTP (Benchmark Simulation Model No.1, BSM1) with respect to the aeration energy cost. In the next section, we introduce the BSM1 plant layout and model. In section 3, we state the aeration optimization problem for BSM1 as a dynamic optimization problem and present the optimization results in section 4. In section 5, conclusions and future work are discussed.
BSM1 LAYOUT AND MODEL
BSM1 has been proposed by European program COST 624, see Copp. (2002) . It is a simulation environment defining a WWTP layout, a simulation model, influent loads, test procedures and evaluation criteria. BSM1 allows researchers to have a common framework for the evaluation of their control strategies and operations.
Process layout
BSM1 is composed of five activated sludge tanks in series and a secondary clarifier, see Fig. 1 . The first two compartments are anoxic tanks, followed by three aerobic tanks. All five compartments are fully mixed. The plant thus combines nitrification with pre-denitrification in a configuration that is commonly used to achieve biological nitrogen removal in full-scale plants. The basic control strategies proposed on BSM1 are to control the nitrate level in the last (second) anoxic tank by manipulation of the internal recycle flow rate (Q a ) and to control the dissolved oxygen level in the final (fifth) reactor tank by manipulation of the airflow. In the BSM1 model, and all of the studies related to it, the oxygen transfer coefficient (K La,5 ) is used instead as the manipulated variable, because it is directly related to airflow. While K La cannot be manipulated directly, it can be determined through an inferential procedure by adjusting the airflow and relating this quantity to the DO content in Equation (6).
BSM1 provides three influent data files including dry weather, rainy weather and stormy weather. In this study, the dry weather condition is considered.
Mathematical modeling

1) Models of five reaction tanks
To improve the design and operation of WWTPs, many ASP models have been developed. Among them, the Activated Sludge Model No. 1 (ASM1), developed by Henze et al. (1987) , is the most widely used. Built by a task group of the International Association on Water Quality (IAWQ) in 1987, it has been extended to a series of ASMs. For BSM1, ASM1 has been selected to describe the biological phenomena in the biological reactor. It involves 8 processes with 13 different components, including substrate, bacteria, dissolved oxygen and nitrates. From the viewpoint of optimization, the differential equations of these 13 components are considered as mass balance constraints. The generic equation for the mass balance of a certain component concentration x in a CSTR is:
Here, Q is the flow rate entering the tank and V is the tank volume; x in is the inlet concentration; r x = j v xj ρ j is the reaction term obtained by the sum of the product of the stoichiometric coefficients with ρ j as the process reaction rate. For example, the mass balance equation related to one of the nitrate (S N O ) component in ASP is:
All soluble components are denoted by S j , j ∈ {I, S, O, N H, N O, N D, ALK} and the particulates are denoted by X i , i ∈ {I, S, P, BH, BA, N D}. All other symbols in the equation are stoichiometric or kinetic parameters for the ASP considered. Detailed description of these parameters can be found in Copp. (2002) .
Since there are 5 activated sludge tanks in series in the BSM1 plant, the mass balance equations are described as follows. For compartment 1 where influent flow enters, we have
where subscript "1" stands for tank 1, Z is a vector representing all 13 component concentrations, Q a is the internal recycle flow rate, Q r is the external recycle flow rate, and Q 0 is the load flow rate respectively, with Q 1 =Q a +Q r +Q 0 . Similarly, for compartments k =2, 3, 4 and 5, we have:
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Since aeration occurs in compartments 3,4, 5, the dissolved oxygen in these compartments contains an additional term:
where K La is the oxygen transfer coefficient and S * O is the saturated dissolved oxygen.
2) Model of secondary settler tank
The clarification and thickening process is described by a 10-layer double exponential settling velocity model, proposed by Takács et al. (1991) . The settling velocity function is based on the solids flux concept, shown in equation (7).
wherev is the maximum settling velocity, X is the suspended solids concentration, X min is the minimum attainable suspended solids concentration, r h , r p are the hindered and flocculant zone settling parameters. In equation (7), max and min operators make the model of secondary settler tank nonsmooth, and we replace these operators by smooth approximations, equations (8) and (9).
where the parameter ε > 0 is sufficiently small.
OPTIMIZATION PROBLEM
The objective of the optimization problem is to minimize aeration energy (AE) consumption while maintaining effluent quality within limitations. In BSM1, AE is defined as:
where T is the duration of the evaluation. Computation of AE is based on the oxygen transfer coefficient in each aerated reactor. In BSM1, K La,3 and K La,4 are set to the maximum value (240/d, or 10/h), and K La,5 (t) is chosen as the decision variable.
The overall process model is described by more than 100 differential and algebraic equations (DAEs), which are included as constraints in the optimization problem. There are 65 state variables for the 5 reaction tanks and 80 state variables for the 10-layer settling tank. All these variables are nonnegative concentrations. In addition to the system dynamic constraints, BSM1 defines five constraints with respect to effluent quality components. These are ammonia (S N H ), total nitrogen (N tot ), biochemical oxygen demand (BOD), chemical oxygen demand (COD) and total suspended solids (TSS ), which are constrained as follows:
The effluent quality (EQ) is defined in BSM1 as a weighted sum of the effluent loads of TSS, COD, BOD, TKN (total Kjeldahl nitrogen) and NO x nitrogen (S N O ) :
To summarize, this optimization problem can then be stated as follows:
13f) where z(t) is the vector of state variables which are component concentrations, u(t) is the vector of manipulated variables, K La,5 , and y(t) is a vector of algebraic variables such as COD, BOD, N tot , etc. The differential and algebraic equations described by (13b), (13c) are equality constraints.
There are several ways to solve this dynamic optimization problem, including control vector parameterization, multiple shooting and the simultaneous collocation approach. In this paper, we choose the simultaneous collocation approach. In this approach, both the state and control profiles are discretized in time using collocation on finite elements. In this way, the original dynamic optimization problem is converted to a large NLP of the form:
To solve this NLP, we apply IPOPT , a primal-dual interior point nonlinear programming algorithm based on a filter line search strategy. Detailed description of the algorithm can be found in Wächter et al. (2006) . IPOPT applies a logarithmic barrier method to the bound constraints in the NLP. This leads to a set of equality constrained optimization problems with a monotonically decreasing sequence of the barrier parameter. IPOPT solves each of these problems via a Newton-based approach, and can quickly converge to the solution of the original NLP ).
RESULTS AND DISCUSSION
In this section, results and discussion of three studies are presented. First, we developed the benchmark simulation model using AMPL language. Then optimization of aeration operation at steady state is studied. Finally, we research the optimization of aerating operation when the incoming wastewater flow rate and composition have large variations, using the dry weather data provided by BSM1.
BSM1 simulation using AMPL model
As described in Copp. (2002), implementations of BSM1 were reported on different platforms, including MAT-LAB/Simulink, SIMBA, GPS-X, EFOR and FORTRAN. In this study, the BSM1 model is coded in the AMPL language (Fourer et al. 1990) 
Aeration optimization under steady state
We now consider optimal steady state aeration. Here, the flow rate and concentrations of incoming water are constant and optimal steady state results, along with values of key effluent constraints and the DO concentration in tank 5 (S O,5 ) are listed in Table 2 , with optimal operation shown in Fig. 2 . (3) Under optimal aeration operation, the DO level in the last aerobic compartment is low or even near zero. This not only saves aeration energy but also improves the denitrification rate, since less oxygen is recirculated to the first anoxic compartment.
Dynamic optimization of aerating operation
The steady-state values are used as the initial conditions for dynamic simulation of the continuous process. The dry weather data file is used and the influent flow rate and ammonium load of 14 dry weather days are shown in Fig.  3 . Note that these data have a strong periodic property, with one day as a period. In this study, we focus on the first day data. When BSM1 is subjected to the perturbations in Fig. 3 , the effluent qualities cannot be maintained within their limits for some large disturbances, especially for ammonium (S N H ) and total nitrogen (N tot ), even though K La,5 is set to its maximum value. Hence, for the constraints specified by (13f), the problem would be infeasible. To address this point, we seek to minimize the aeration energy cost at the same time to keep the effluent water quality within limitations as much as possible. The objective and related constraints are modified as follows:
where S N H,set and N tot,set are specified limits, equal to 4 and 18 respectively, and α 1 and α 2 are weighted coefficients that can be set to different values. The optimization results of aeration operation for α 1 = 50 and α 2 = 1 are shown in Fig It can be seen that ammonium concentration (S N H ) is a critical factor that will exceed the limit for longer time with a larger maximum value. We also consider the optimization of aeration operation with α 1 set to 10, 50, 100, 200 and 1000 in five experiments; α 2 is set to 1 in these experiments. The internal recycle flow rate (Q a ) is set to 55338 (m 3 /d) for all the five cases. Maximum values obtained of S N H and N tot in each experiment are recorded in Table 3 . Total time for violation of S N H and N tot is also given in the table as well as two important performance indices of the system, effluent quality (EQ) and aeration energy (AE). Finally, we compare these optimization results with a PID DO controller.
The following conclusions can be drawn from Table 3 . (1) The larger α 1 is, the better S N H becomes and the more aeration energy is consumed. EQ is not improved with larger oxygen transfer coefficient, since this increases the N tot level. (2) When α 1 increases to a large enough value, the improvement of S N H becomes smaller (See Fig. 6 ), but the energy consumption is large. This also means that over-aeration will not improve the system performance in terms of cost and specifications. (3) All optimization results obtained are better than PID control results with respect to energy consumption and EQ index. 
CONCLUSIONS AND FUTURE WORK
Optimization of WWTP is a challenging problem due to the complexity of system dynamics and large fluctuation of influent water. In this paper, we study the aeration operation optimization for a complicated simulation benchmark of an activated sludge process based on dynamic optimization. Using the simultaneous collocation approach, the dynamic optimization problem is transformed to a large scale NLP, which is solved by a highly efficient NLP solver,
IPOPT. An AMPL model of the BSM1 is established and aeration operation is studied under steady state and dynamic influent conditions.
Further research based on dynamic optimization is planned for the near future.
(1) The overall plant energy optimization problem will be studied. Recycle flow rate can be selected as another decision variable to optimize the pumping energy. (2) Long time horizon data under different weather conditions will be used for further research.
(3) An improved formulation and algorithm will make dynamic optimization of a complex WWTP possible. This provides a promising way for online utilization. In future work, nonlinear model predictive control and parameter estimation will be studied within the dynamic optimization framework for WWTP.
